Abstract This study investigates the applicability of multivariate statistical techniques including cluster analysis (CA), discriminant analysis (DA), and factor analysis (FA) for the assessment of seasonal variations in the surface water quality of tropical pastures. The study was carried out in the TPU catchment, Kuala Lumpur, Malaysia. The dataset consisted of 1-year monitoring of 14 parameters at six sampling sites. The CA yielded two groups of similarity between the sampling sites, i.e., less polluted (LP) and moderately polluted (MP) at temporal scale. Fecal coliform (FC), NO 3 , DO, and pH were significantly related to the stream grouping in the dry season, whereas NH 3 , BOD, Escherichia coli, and FC were significantly related to the stream grouping in the rainy season. The best predictors for distinguishing clusters in temporal scale were FC, NH 3 , and E. coli, respectively. FC, E. coli, and BOD with strong positive loadings were introduced as the first varifactors in the dry season which indicates the biological source of variability. EC with a strong positive loading and DO with a strong negative loading were introduced as the first varifactors in the rainy season, which represents the physiochemical source of variability. Multivariate statistical techniques were effective analytical techniques for classification and processing of large datasets of water quality and the identification of major sources of water pollution in tropical pastures.
Introduction
Surface waters contain many chemical and physical constituents as well as living organisms that play an important role in the health of aquatic ecosystems (Hubbard et al. 2004 ). However, an excessive quantity of some constituents and microorganism can degrade water quality and be harmful to the health of aquatic environments (Santos-Román et al. 2003; Bilotta et al. 2007 ). Both natural processes, such as rainfall rate, weathering processes, and soil erosion, and anthropogenic sources including urban, industrial, and agricultural activities are basic determining factors of surface water quality (Varol and Sen 2009; Zhao and Cui 2009) . Normally, sources of water pollutants come mainly from anthropogenic sources rather than natural ones in pasture ecosystems (Hooda et al. 2000) . For example, animal waste on pasture ecosystems are nonpoint sources of pollution (Bilotta et al. 2007 ) and may elevate nutrients and microorganism concentrations in the water bodies of pasture ecosystems (Lowrance and Sheridan 2005) . The constant polluting source of the pasture ecosystems is mainly from regular animal grazing and the influx of subsequent waste into surface water. Seasonal variations in rainfall, overland flow, and groundwater flow affect the concentration of pollutants in water bodies (Ohlenbusch et al. 2002) . Moreover, the effective management of aquatic environments requires a basic understanding of the major factors affecting water quality parameters over time. Consequently, a monitoring program is required to provide an accurate and reliable estimation of the water quality parameters due to temporal variations in the surface water quality (O'Reagain et al. 2005) . A monitoring program over time generates a large and complex dataset of water quality variables, and it is often difficult to interpret and present significant conclusions from such a dataset (Dixon and Chiswell 1996) .
Multivariate statistics are increasingly popular techniques for classification, analyzing, modeling, and interpretation of large and complicated datasets. They include cluster analysis (CA), factor analysis/principle component analysis (FA/PCA), and discriminant analysis (DA). They offer an efficient tool to correlate many variables and allow the reduction of dimensionality of the data and the extraction of information for management of water bodies without loss of valuable information (Ameel et al. 1993; Santos-Román et al. 2003; Simeonov et al. 2003; Varol and Sen 2009) . The multivariate statistical methods have an extensive application for the evaluation of temporal variations of water quality caused by both natural and anthropogenic factors (Singh et al. 2005) . Furthermore, they are powerful tools for deriving useful information from a complicated dataset of water quality studies (Simeonov et al. 2003) . The use of such techniques helps better in the interpretation of these complex data matrices to understand the water quality of the studied systems (Varol and Sen 2009) . The objective of this study was to apply the multivariate statistical techniques, i.e., cluster analysis (CA), discriminant analysis (DA), and factor analysis (FA), on a large dataset of water quality to extract the data of (1) temporal similarity or dissimilarity between sampling stations, (2) to identify the water quality variables responsible for temporal variations of water quality, and (3) to extract the latent factors explaining the structure of the water quality dataset in tropical pasture ecosystems.
Materials and methods

Description of study area
This study was carried out in the Taman Pertanian Universiti (TPU) catchment, which lies between 101°4 3′ 38″ and 101°44′ 03″ E longitude and 2°58′ 53″ and 2°59′ 57″ N latitude about 20 km south of Kuala Lumpur, Malaysia. The catchment extends over a total area of 1,317 ha. The area has a humid tropical climate with seasonality in rainfall distribution; the mean annual rainfall and temperature are 2,471 mm and 24.5°C, respectively. It rains comparatively less from May to September (dry season) than October to April (rainy season).
About 75 % of the catchment area is covered by pasture land use type while the rest is covered by oil palm plantation. The oil palm plantation is distributed mostly in the upstream area, whereas grassland pastures are distributed throughout the catchment as well as along the streams and water bodies. Permanent pasture grasslands of the catchment have experienced a history of rotational moderate grazing by cattle since 1975.
There are six main streams in the catchment with four streams located in the area under cattle grazing and two in the grazing exclosure. The streamflow mainly originates from the groundwater and surface runoff with a continuous flow throughout the year. The streamflow is relatively low in all streams except after major rainfall storm events.
Sample collection
Data collection was initiated in July 2008 and continued for 12 months. This period was considered to be in accordance with tropical climatological conditions. Rainy season (October to April) and dry season (May to September) over the year represent temporal scale in this study. Temporal scale defines as the variation of water quality parameters over a given period of time. In order to monitor streamflow water quality variations in both rainy and dry seasons, water samples were taken monthly over a 12-month period. One composite sample (depth integrated sample) was collected from the water column in the center of each stream (total of six sampling stations) at each sampling event and analyzed on the same day or the following day. Stations 1, 2, 3, and 4 represent moderate grazing conditions, whereas stations 5 and 6 indicate an ungrazed condition.
Analytical methods
In situ water temperature (WT), electrical conductivity (EC), dissolved oxygen (DO), and pH concentrations of water were measured directly on site. Water samples were analyzed in the laboratory for total phosphorus (TP), orthophosphate (T-PO 4 3 ), ammoniacal-
total suspended solid (TSS), 5-day biochemical oxygen demand (BOD 5 ), fecal coliform (FC), and Escherichia coli. The analytical methods used for measuring of the water quality parameters are presented in Table 1 . Z-scale transformation was applied to the original water quality dataset in order to avoid misclassification because of wide differences in data dimensionality, to reduce the influence of different units of measurements, and to render the data dimensionless (Liu et al. 2003; Zhao and Cui 2009 ). The SPSS 16.0 software package was employed for data treatment and analysis (SPSS Inc. 2007) . A summary of the principles of CA, FA/PCA, and DA is described below.
Cluster analysis
Many researchers have applied CA to water quality assessment throughout the world (for example Alberto et al. 2001; Santos-Román et al. 2003; Simeonov et al. 2003) . Cluster analysis aims to group objects (cases) into classes (clusters) so that objects within a class are (Alberto et al. 2001) . CA renders good results to evaluate both spatial and temporal variations; however, it fails to show details of these differences. In this study, hierarchical cluster analysis (CA) was applied to detect and group similar sampling sites (streams). Several algorithms can be used to calculate cluster similarity. In this study, the dataset (the average data of every month of 1 year) was treated by Ward's method of linkage with the squared Euclidean distance, as a measure of similarity, to determine distance between clusters. The Euclidean distance (linkage distance) is reported as D link /D max , which represents the quotient between the linkage distances for a particular case divided by the maximal linkage distance. The quotient is multiplied by 100 as a way to standardize the linkage distance represented on the X-axis (Alberto et al. 2001; Pejman et al. 2009 ).
Discriminant analysis
Discriminant analysis (DA) was used to predict group membership from a set of variables (David 2008) . The DA allows the differences between groups (clusters) to be studied in respect of several predictor variables of water quality parameters simultaneously. Therefore, discriminant analysis is generally used for two purposes. The first purpose is the description of group (cluster) separation in which the linear functions of several variables (discriminant functions) are used to describe the differences between the groups and for identifying the relative contribution of all variables to the separation of groups. The second purpose is the prediction or allocation of new observations to groups in which linear or quadratic functions of the variable (classification functions) are used to assign an observation to one of the groups (Richard and Dean 2002; Abbas et al. 2008) . In this study, the stepwise discriminant analysis was performed on the raw data matrix (Alberto et al. 2001; Singh et al. 2005; Shrestha and Kazama 2006) . This method selects the best predictor for the grouping based on the significance of adding each variable to determine which independent variables are beneficial in constructing discriminant functions with the lowest numbers of variables (Shrestha and Kazama 2006) to evaluate temporal variations in stream water quality. The sampling sites and the seasons were the grouping (dependent) variables, whereas all the measured parameters constituted the independent variables.
Factor analysis/principal component analysis FA/PCA is a powerful pattern recognition technique that attempts to explain the variance of a large dataset of intercorrelated variables with a smaller set of independent variables (principal components) (Simeonov et al. 2003; Zhao and Cui 2009) . FA/PCA is designed to transform the original variables into new, uncorrelated variables, called the principal components (PCs) or varifactors (VFs), which are linear combinations of the original variables (Shrestha and Kazama 2006; Pejman et al. 2009 ). FA/PCA presents information on the most significant water quality parameters which facilitate the whole dataset interpretation, data reduction, and for summarizing the statistical correlation among elements in the water with minimum loss of original information (Pejman et al. 2009 ). For this study, varimax rotation was used to maximize the variance of the loadings both among the factors and chemical constituents.
Results and discussions
Similarity and grouping of sampling stations
To facilitate CA results interpretation, the data were sorted by sampling sites in the TPU catchment to determine the similarity of the streams. CA yielded a dendrogram, grouping all six sampling stations of the catchment into two statistically different clusters at (D link /D max )×100<20, as shown in Fig. 1 . Cluster 1 comprised two streams of the ungrazed site (sampling stations 5 and 6) and one stream of the grazed site (sampling station 4). The ungrazed site was a pasture with minimal anthropogenic contribution and other sources of pollution. This cluster comprises less polluted streams (LP). Station 4 of the grazed site was classified in this cluster because the ungrazed site forms a small part of the stream's sub-catchment. A part of the surface runoff from the ungrazed site flows to this stream when the surface runoff is high during rainfall events. The less polluted runoff from the ungrazed site improves the quality of water in this stream. Cluster 2 corresponded to the grazed site and comprised three streams (sampling stations 1, 2, and 3). The grazed site had received moderate cattle grazing during the last three decades with a medium quantity of nutrients and pathogens influx from the cattle.
The cluster indicates that the water quality of streams in the grazed site was affected by moderate grazing by animals. This cluster encompasses moderately polluted streams (MP).
To facilitate CA results interpretation, the data were also sorted by climatic season (dry and rainy) to obtain the similarity of streams in temporal scale (Figs. 2 and 3 ). In the dry season, cluster 1 corresponded to the ungrazed site of the TPU catchment and comprised two streams (sampling stations 5 and 6). Cluster 2 corresponded to the grazed site of the catchment and encompassed four streams (sampling stations 1, 2, 3, and 4). As mentioned earlier, the ungrazed site has received minimal anthropogenic contribution and other sources of pollution. The grazed site has received moderate cattle grazing over the last three decades with a medium quantity of nutrients and pathogens influx from cattle.
In the rainy season, cluster 1 encompassed the stations 5 and 6 of the ungrazed site and station 4 of the grazed site. Contrary to clustering in the dry season, stream 4 was grouped along with streams 5 and 6 in this cluster. Consequently, the water quality of this stream was affected by seasonality. This is mainly because of the flow of surface runoff from the ungrazed site into this stream during frequent rainfall events in the rainy season. As mentioned earlier, a small part of the ungrazed site is situated in the sub-catchment of this stream. Sampling stations 1, 2, and 3 of the grazed site were grouped in cluster 2. Unrestricted direct access of cattle and the transportation of animal waste by surface runoff from the pastures are principal reasons for the pollution of streams 1, 2, and 3 and also 4.
Generally, the characteristics of the clusters agreed with the grazing management strategy of pastures and location of the streams in the studied catchment. It can be concluded that the level of water quality in this catchment depends on the location of the stream, proximity to the ungrazed site, direct accessibility of cattle to the stream, and the possibility of animal waste transportation from the adjacent grazing land to the stream during rainfall events. The slope of the land around the stream is an important factor in the transportation of animal waste to the adjacent streams by surface runoff. It seems that in flat terrain the possibility of transportation of waste to the stream is lower than for sloped terrain. The results indicate that CA was able to classify the sampling stations in an optimal way and offer a reliable classification of streams in the whole study area. One of the advantages of the CA results is that the number of the sampling sites could be optimized in such a way that for rapid water quality assessment studies only representative sites from each cluster (not all sampling stations) can be used. This can reduce the number of samples and the cost of the analysis and assessment procedure (Simeonov et al. 2003; Pejman et al. 2009 ). This analysis provided an objective basis for grouping the streams of studied catchment with similar characteristic features into the Fig. 1 Dendrogram of cluster analysis for sampling stations located on the TPU catchment according to water quality parameters Fig. 2 Dendrogram of cluster analysis for sampling stations in dry season two meaningful clusters in terms of temporal scale in a quite convincing way, which was used for the subsequent investigations. Furthermore, CA was useful for giving a first exploratory indication of the differences between the dry and rainy seasons.
Seasonal variations of water quality
The water quality of the TPU catchment was further evaluated through discriminant analysis. The discriminant analysis was performed using water quality parameters as predictors of membership in streams water quality groups obtained by CA. DA at temporal scale was performed on the raw data after dividing the whole dataset into two seasonal groups (rainy and dry). The seasons were the grouping variable, while the independent variables were the measured parameters. Some variables (FC, E. coli, NH 3 , NO 3 , NO 2 , EC, TSS, and T-PO 4 3 ) were transformed to natural logs to meet the normality assumption. Water quality parameters that were considered in the analysis were WT, DO, EC, pH, TSS, NO 3 , NO 2 , NH 3 , PO 4 , TP, BOD, COD, FC, and E. coli. The results of Box's test of equality of covariance matrices of groups showed that the log determinants of groups were relatively similar and small, thereby indicating that we could proceed with the discriminant analysis. We obtained discriminant functions that allowed us to characterize temporal variations in the water quality as well as to identify different variation patterns associated with temporal variations. The DA results are summarized in Table 2 .
One significant discriminant function (DF) was calculated for either the dry (Wilk's lambda = 0.13; P< 0.05) or the rainy (Wilk's lambda = 0.26; P<0.05) season (Table 2 ). The discriminant functions of each season (rainy and dry) accounted for 100 % of the between-group variability. Among the several combinations of water quality parameters, four parameters including FC, NO 3 , DO, and pH were significantly related to the streams grouping in the dry season ( Table 2 ). The relative contribution for water quality parameters can be arranged in the order FC>NO 3 > DO>pH. In addition, four variables, i.e., NH 3 , BOD, E. coli, and FC, were significantly related to the streams grouping in the rainy season and identified as predictor variables for distinguishing clusters. The relative contribution for water quality parameters can be arranged in the order NH 3 >BOD>E. coli>FC (Table 2 ). The loadings between predictor variables and discriminant functions are also presented in Table 2 . The interpretation of the loadings showed that the best predictor (with the highest correlation to function) for distinguishing clusters in the dry season was fecal coliform and in the rainy season it was NH 3 . There is one eigenvalue for each discriminant function ( Table 2 ). The eigenvalue indicates the proportion of variance explained by DF. The larger the eigenvalue, the more the variance in the dependent variable is explained by that function. The largest eigenvalue is associated with the strongest function.
The classification results showed that 100 % and 95.8 % of the cases were correctly classified to their respective groups using the predictive equations in rainy and dry seasons, respectively.
Data structure determination and source identification FA/PCA was carried out on the normalized data set of ten variables for the six monitored sampling stations separately for each season, as delineated by CA, to extract significant principal components (varifactors), to further reduce the contribution of variables with minor significance, to compare the compositional patterns between analyzed water samples, and to identify the various factors that influence each one (Simeonov et al. 2003) . The correlation matrix showed that WT, Fig. 3 Dendrogram of cluster analysis for sampling stations in rainy season PO 4 , NO 3 , and NO 2 were not significantly correlated with other variables (P>0.05). Uncorrelated variables were removed from the analysis. Kaiser-Meyer-Olkin (KMO) values were 0.64 and 0.60 for the dry and rainy seasons, respectively. Bartlett's test was significant (P< 0.05). Thus, we could be confident that factor analysis was appropriate for the dataset. An equal number of varifactors (principal components) were obtained for both the rainy and dry seasons through FA/PCs (Table 3 ). The first varifactor explains most of the variance in the dataset, and the other consecutive factors explain less of the variance. Four varifactors were extracted for both the rainy and dry seasons explaining 81.56 % and 73.36 % of the total variance in the water quality dataset, respectively. Eigenvalues greater than 1.0 were taken as the criterion for the extraction of the principal components required for explaining the source of variances in the dataset. The eigenvalues for different factors, percentage variance explained, and cumulative percentage of variance are signalized in Table 3 . Factor loadings were categorized as "strong", "moderate", and "weak" corresponding to absolute loading values of >0. 75, 0.75-0.50, and 0.50-0.30, respectively, by Liu et al. (2003) and have been used by authors such as Shrestha and Kazama (2006) and Pejman et al. (2009) . The variables with loadings greater than 0.30 for the four identified factors from the factor analysis of the dataset are summarized in Table 4 .
Among the four factors for the dry season, varifactor 1, explaining 28.55 % of total variance, has strong positive loadings on E. coli, FC, and BOD. This factor represents the bacterial pollution by animal waste and indicates a biological source of variability. Factor 2, explaining 20.17 % of the total variance, has a strong positive loading on EC and a strong negative loading on DO. The negative correlation with DO indicates the seasonal change of temperature. Factor 3 explaining 18.82 % of the total variance has strong positive loadings on suspended solids and total phosphorus. This factor explains the soil erosion from grazing land during rainfall events and represents the physical source of variability. Factor 4, explaining the lowest variance (14.02 %) of total variance, has a strong positive loading on orthophosphate. This factor represents the contribution of nonpoint source pollution from pastures and a chemical source of variability. This fact is also supported by the study carried out by Pejman et al. (2009) . For the dataset regarding the rainy season, factor 1, explaining 22.92 % of total variance, has a strong positive loading on EC, which represents the physiochemical source of variability and a strong negative loading on DO. The negative correlation with DO can be attributed to the seasonal change. Factor 2, explaining 20.23 % of total variance, has strong positive loadings on E. coli and suspended solids. This factor represents the contribution of non-point source pollution including soil erosion from grazing land during rainfall events and transportation of animal waste by runoff to adjacent streams, which represents the biophysical source of variability. Factor 3, explaining 16.83 % of total variance, has strong positive loading on fecal coliform and orthophosphate. The fourth factor, amounting to 13.38 % of total variance, has a strong positive loading on total phosphorus.
As discussed, each water quality parameter with a strong loading (correlation coefficient) greater than 75 % was considered to be a meaningful parameter contributing to seasonal variations of water quality in the studied catchment. The most significant water quality parameters that can contribute to evaluate seasonal variations of water quality are summarized in Table 5 . The FC, E. coli, EC, TSS, TP, and PO 4 were the most significant parameters contributing to seasonal water quality variations in the pasture ecosystems of the TPU catchment.
Conclusions
Cluster analysis (CA) was able to classify the sampling stations in an optimal way and offered a reliable classification of streams in the whole study area. Furthermore, CA was useful for giving a first exploratory indication of the differences between grazing management strategies (moderately grazed site vs. ungrazed site) and climatic seasons. The number of the sampling stations for the future sampling event could be optimized by the output of CA in such a way that only representative stations from each cluster are used for rapid water quality assessment.
Discriminant analysis (DA) at temporal scale (rainy and dry season) offered that DO, BOD, pH, NO 3 , NH 3 , FC, and E. coli were the most significant parameters in discriminating between the rainy and dry seasons in the Fecal coliform, E. coli, and BOD with strong positive loadings were introduced as the first varifactor by factor analysis and explained 28.55 % of total variance of water samples coming from the dry season in the TPU catchment. This varifactor represented the bacterial pollution by grazing animal waste and indicated a biological source of variability. EC with strong positive loading and DO with strong negative loading were introduced as the first varifactors by FA and explained 22.92 % of total variance of water samples from the rainy season in the catchment. This varifactor represented the physiochemical source of variability in the rainy season.
Multivariate statistical techniques, i.e., cluster analysis, discriminant analysis, and factor analysis, were effective analytical techniques for classification and processing of large datasets of water quality and for the identification of major sources of water pollution in tropical pasture ecosystems. According to the acquired results through multivariate statistical techniques in this study, it is possible to plan for future sampling events, optimize the number of sampling stations, select appropriate water quality parameters, and reduce affiliated recurring costs. However, it should be mentioned that extra sampling stations must be included in water quality monitoring program to assess the spatial variations of water quality of the catchment in further studies.
